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Abstract

In this paper we descrike our TRECVID 2007 exgeriments.
The MediaMil | team participated in two tasks: concept de-
tection and search. For concept detection we extract region-
basal image features, on grid, keymint, and segmentation
level, which we combine with various supervisal learners. In
addition, we explore the utility of temporal image features.
A late fusion approach of all region-basal analysis methads
using geometric mean wasour most sucessfulrun. What is
more, using MediaMil | Challengeand LSCOM annotations,
our visual-only approach genealizesto a set of 572 concept
detectors. To handle such a large thesaurusin retrieval,
an engine is develogd which automatically selets a set of
relevant concept detectors based on text matching, ontology
querying, and visual concept likelihood. The suggestionen-
gine is evaluatel as part of the automatic search task and
forms the entry point for our interactive search expgeriments.
For this task we experiment with two browsersfor interac-
tive explortion: the well-known CrossBrowserand the novel
ForkBrowser. It wasfound that, while retrieval performance
varies substantialy per topic, the ForkBrowser is able to
produce the sameovernall resultsas the CrossBrowser. How-
ever, the ForkBrowser obtains top-performance for most
topics with less user interaction. Indicating the potential
of this browser for interactive search. Similar to previous
years our bestinteractive search runs yield high overall per-
formance, ranking 3rd and 4th.

1 Intro duction

Most commercial video seartr engines such as Google,
Blinkx, and YouTube provide accessto their repositories
basedon text, as this is still the easiestway for a userto
describe an information need. The indices of these seard
enginesare based on the lename, surrounding text, so-
cial tagging, or a transcript. This results in disappointing
performancewhen the visual content is not re ected in the
assaiated text. In addition, whenthe videosoriginate from
non-English speaking courtries, suc as China, Lebanon, or
the Netherlands, querying the content becomeseven harder
asautomatic speet recognition results are so much poorer.
Additional visual analysisyields more robustness. Thus, in

video retrieval a recert trend is to learn a lexicon of seman-
tic conceptsfrom multimedia examplesand to employ these
asenry points in querying the collection.

Last year we preserned the MediaMill 2006 semartic
video seard engine [28] using a 491 concept lexicon. For
our current system we extended it to a thesaurus of 572
concepts. The items vary from pure format like a detected
split screen, or a style like an interview, or an object like a
telephone or an evert like a pressconference. Any one of
those brings an understanding of the current content. The
elemerts in such a thesauruso er usersa semaric enry to
video by allowing them to query on presenceor absenceof
content elemens. For a user, however, selecting the right
topic from the large thesaurusis di cult. We therefore de-
veloped a suggestionenginethat analyzesthe textual topic
given by the user,to automatically derive the most relevant
concept detectors for querying the video archive. In ad-
dition, we developed novel browsersthat presert retrieval
results using advanced visualizations. Taken together, the
MediaMil | 2007 semartic video seard engineprovidesusers
with semariic accesdo video archives.

The remainder of the paper is organized as follows. We
rst de ne our semartic video indexing architecture in Sec-
tion 2, emphasizing spatio-temporal visual analysis. Then
we highlight our semartic video retrieval enginein Section3,
which includes novel methods for conceptsuggestion,visual
querying, and various video browsers.

2 Semantic Video Indexing

Our generic semariic video indexing architecture is based
on the semaric path nder [28,29]. It is founded on the
obsenation that produced video is the result of an author-
ing process. The semartic path nder selectsthe best path
through content analysis, style analysis, and context analy-
sis. This year we again usea semariic path nder that relies
mainly on (visual) cortent analysis. In this section we will
highlight which componerts and experiments of last year
have been replaced by more elaborate analysis, learning,
and combination schemes.



2.1 Supervised Learners

We perceive concept detection in video as a pattern recog-
nition problem. Given pattern %, part of a shot i, the aim
is to obtain a probability measure,which indicates whether
semartic concept!; is preser in shot i. Here shot seg-
mentation is basedon [23]. Similar to previous years, we
usethe Support Vector Machine (SVM) framework [34] for
supervised learning of concepts. Here we usethe LIBSVM
implementation [2] with radial basisfunction and probabilis-
tic output [22]. We obtain good SVM parameter settings by
using an iterativ e seard on a large number of SVM param-
eter combinations. We optimize SVM parametersthat aim
to balance positive and negative examples(w.; and w 1).
In addition, we alsotake the parameterinto accourt.

We measureperformance of all parameter combinations
and selectthe combination that yields the best performance.
We use a 3-fold crossvalidation on the entire 2007 dewel-
opmert set to prevent overtting of parameters. Rather
than using regular cross-walidation for SVM parameter op-
timization, we employ episale-onstrained cross-walidation
method, asthis method is known to yield a more accurate
estimate of classi er performance[9].

In addition to the SVM we also experimert with Fisher's
linear discriminant [6]. While this classi er is known to be
lesse ectiv e than SVM, in terms of concept detection per-
formance, it requiresno parametertuning soclassi cation is
relatively cheap. The Fisher's linear discriminant assumes
normal distribution. It isusedto nd the linear combination
of features which best separatestwo classes. It minimizes
the errors in the least square sense. We use the resulting
combinations as a linear classi er. For the Fisher classi er
we usethe PRTools implemertation [3]. All classi ers yield
a probability measurep(! jj%;), which we useto rank and
to combine conceptdetection results.

2.2 Visual-Only Analysis

Similar to last year'se orts we have concerrated on visual-
only analysis. As we obsened that regional image features
are especially e ectiv efor conceptdetection, our visual anal-
ysis emphasizeghree typesof local imageregions: 1) a reg-
ular grid; 2) interest points; and 3) segmenation blobs. For
TRECVID 2007, we have also conducted a preliminary set
of coarseexperimerts to verify if motion information canbe
of added value.

On ead regionlevel, we aim to decomposecomplexscenes
in proto-conceptslik e vegetation, water, re, sky etc. These
proto-concepts provide a rst step to automatic accessto
image content [36]. Given a xed vocabulary of proto-
concepts,we assigna similarity scoreto all proto-concepts
for all regionsin an image. Dierent combinations of a
similarity histogram of proto-concepts provide a su cien t
characterization of a complex scene.

In cortrast to codebook approades[4,24,32,33,36], we
usethe similarity to all vocabulary elemeris [8]. A codebook
approad usesthe single, best matching vocabulary elemert
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Figure 1: Simpli ed overviewof our visual-only analysisapproach
for TRECVID 2007. Temporal imagefeature extraction (not shown)
was an independent component.

to represent animagepatch. For example,givenablue area,
the codebook approac must choosebetweenwater and sky,
leaving no room for uncertainty. Following [8], we use the
distancesto all vocabulary elemens. Hence,we model the
uncertainty of assigningan image patch to ead vocabulary
elemerns. By using similarities to the whole vocabulary, our
approad is ableto model sceneghat consistof elemens not
presen in the codebook vocabulary.

All visual features are used in isolation or in combina-
tion, with the two supervised learners. Finally, we combine
the individual conceptdetectorsin sewral ways and select
the combination that maximizesvalidation setperformance.
We highlight the major componerts of our TRECVID 2007
systemin Fig. 1.

2.2.1 Image Feature Extraction on Regular Grids

The regular grid is constructed by dividing animageinn n
overlapping rectangular regions. The overlap between re-
gions is one half of the region size. The number of regions
is governed by a parameter r, that indicates the number
of regions per dimension, where the two dimensionsin the
image are the width and height. For example,if r = 2 then
the overlap betweenregionsleadsto 3 regionsfor both the
width and the height, thusyielding 3 3= 9regions.

Wiccest Features We rely on Wiccest features for image
feature extraction on regular grids. Wiccest features [11]
utilize natural image statistics to e ectiv ely model texture
information. Texture is described by the distribution of
edgesin a certain image. Hence,a histogram of a Gaussian
derivative Iter is usedto represen the edgestatistics. It
was shown in [10]that the complete range of image statis-
tics in natural textures can be well modeled with an inte-



grated Weibull distribution. This distribution is given by
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where r is the edge response to the Gaussian derivative
ﬂger and ( ) is the complete Gamma function, ( x) =

t* le ldt. The parameter denotesthe width of the
distribution, the parameter represens the “peakness'of
the distribution, and the parameter denotesthe mode of
the distribution. The position of the mode is in uenced
by uneven illumination and coloredillumination. Hence,to
achieve color constancythe valuesfor s ignored.

The Wiccest features for an image region consist of the
Weibull parametersfor the color invariant edgesin the re-
gion. Thus,the and valuesfor the x-edgesand y-edges
of the three color channelsyields a 12 dimensional descrip-
tor. The similarity betweentwo Wiccest features is given
by the accunlylated fraction betweenthe respective and
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Wiccest features. We compute the similarity to 15 proto-
concepts[8] for F and G. We divide an input frame into
multiple overlapping regions, and compute for ead region
the similarity to 15 proto-concepts[8]. This yields regional
image feature vector W fora2 2 grid and W2 for a4

4 grid.

Gabor Features In addition to the Wiccest features, we
alsorely on Gabor lters for regional image feature extrac-
tion. Gabor Iters may be usedto measureperceptual sur-
facetexture in an image [1]. Speci cally, Gabor lters re-
spond to regular patterns in a given orientation on a given
scaleand frequency A 2D Gabor Iter is given by:
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where G (x;y) is a Gaussianwith a scale Lt g

is the radial certer frequency and tan *( yo) the orienta-
tion. Note that a zero-frequencyGabor Iter reducesto a
Gaussian lter.

In order to obtain an image region descriptor with Gabor
Iters we follow thesethree steps: 1) parameterizethe Ga-
bor Iters 2) incorporate color invariance and 3) construct a
histogram. First, the parametersof a Gabor Iter consistof
orientation, scaleand frequency We use four orientations,
0 ;45 ;90 ;135, and two (scale, frequency) pairs: (2.828,
0.720),(1.414,2.094). Second,color responsesare measured
by Itering ead color channel with a Gabor lter. The
W color invariant is obtained by normalizing eady Gabor
Itered color channel by the intensity [12]. Finally, a his-
togram is constructed for eadr Gabor Itered color channel,
where we usehistogram intersection asa similarity measure
between histograms. We divide an input frame into mul-
tiple overlapping regions, and compute for ead region the

similarity to 15 proto-concepts[8]. This yields regional im-
age feature vector G fora2 2grid and G2 forad4 4
grid.

2.2.2 Image Feature Extraction on Interest Points

Inspired by the work of Zhang [38], we also compute in-
variant descriptors based on interest points. We use the
Di erence-of-Gaussiansinterest point detector by Lowe[19].
The region around the interest point is summarized using
one of our SIFT or color descriptors. The SIFT descrip-
tor [19]is consisterily among the best performing interest
region descriptors [20,38]. SIFT describesthe local shape
of the interest region using edge histograms. To make the
descriptor invariant, while retaining some positional infor-
mation, the interest region is divided into a 4x4 grid and
every sector hasits own edgedirection histogram (8 bins).
Our color descriptors include color histograms in di erent
color spacesand color extensionsof SIFT. For details, we
refer to van de Sande[26].

The indexing method usedby Zhang involvesa compari-
son betweenall images,which is not feasibleon TRECVID
data. Instead, we cluster in descriptor spaceon descrip-
tors of up to 1,000 positive images of a concept. For all
36 TRECVID conceptswe seard for at least 10 clusters.
Depending on the descriptor and the data clustered on, we
obtain between 360 and 400 clusters. We usethe improve-
ment over the standard codebook model as introduced in
Section 2.2 [8]. Howeer, instead of a similarity function,
we use the Euclidean distance between the image descrip-
tors and the clusters. Summing all distancesyields a xed-
length feature vector F of length n, with n equal to the
number of clusters. We term this the mixed keypoint fea-
ture vector S.

2.2.3 Image Feature Extraction on Segmented Blobs

For eacth key frame we create segmetation blobs using the
algorithm of Felzenszvalb and Huttenlo cher [5]. The al-
gorithm usesa graph basedsegmemation technique which
minimizes the within-region color di erences. As default
settings of the algorithm we used a minimum region size
of 100 pixels, a Gaussian smoothing parameter of 0.8
to remove digitization artifacts, and a threshold k of 100,
which in uences the number of regions per image. These
settings result in approximately 150-300 regions per im-
ages where the sizes of individual regions varies greatly.
For eah segmeted blob we compute the Wiccest features
and Gabor features, as detailed in Section 2.2.1, yielding
blobW,blobG, and blobW G.

2.2.4 Exploring Temporal Image Feature Extraction

We extract motion information from a video sequenceby
rst detectinginterest points in every frame with the Harris-
Laplace corner detector, describing them with SIFT [19],
tracking these points over time basedon feature similarity
and represerting the obtained tracks. We assumethat the
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Figure 2: Compaison of MediaMill video indexing experimentswith present-dg indexing systemsin the TRECVID 2007 benchmak.

interest point detector will detect the samepoints in sub-
sequen frames when di erences between them are small.
Points can appear and vanish. We addressthis problem by
considering feature tracking from frame to frame to be an
assignmem problem. To optimize the assignmenm we usethe
Hungarian algorithm [17,35]. Note that we do not impose
any constraint on the possible movemerts of points, and
alsodo not perform any prediction of point locations based
on a motion model, aswe want our featuresto be generic.

Having processedhe whole video sequence;T tracks are
obtained consistingof seriesof point locations. Werepresett
thesetracks by quantizing the displacemen from frame to
frame in 2-dimensionalmotion histograms, constructed such
that the certer bin represers no or very little motion. We
pastethe R rows of the histogram into one (RxR)x1 feature
vector to obtain the nal motion feature per track.

In our experiments we follow the approad of clustering
the raw features[16] (thereby creating ‘motion codebooks',
inspired on [18]), projecting the features per shot on the
clustersto obtain a single feature vector, learning concepts
from the projected features and evaluating with crossval-
idation on the dewvelopmert set. We have conducted ex-
periments using only motion features, only SIFT features,
and one in which we fused the two feature types (before
learning). Cross validation results (data not shawvn) indi-
cate that a combination of motion and sift featuresperforms
marginally better than using them individually .

2.3 Submitted Concept Detection Results

An overview of our submitted concept detection results is
depictedin Fig. 2. We relied on the annotation provided by

the 2007MCG-ICT-CAS team. We will detail ead submit-
ted run below.

2.3.1 Run 'Kronos': Temporal Image Features

Although the issuesrelating track length, time coverageand
maximal speedled to intuitiv ely imposedconstraints, they
have se\erely e ected our experiments asall the tracks from
about half the number of shots were rejected and therefore
we have processedonly half of the data. Apart from too
strict constraints, this is alsodue to a non perfect shot seg-
mentation. Note that the performanceof the SIFT features
alone is not as good as one might think due to the data
sparsity. All theseissuesmake it very dicult to interpret
the results. For now, we take our crossvalidation results
(data not shown) asa clue, that a combination of visual and
motion featurescan indeed improve performance,baring in
mind the coarsenessand simplicity of this experiment. In
coming experiments we will addressthe problemsthat have
arisen, and intro duce more features based on motion that
are useful for genericcontent basedvideo indexing.

2.3.2 Runs ‘lapetus' and "Crius": Cross-Domain Gener-
alization

With the current increase of digital video, it is advanta-
geousto have a content-based indexing systemthat gener-
alizeswell over heterogeneoussets of video collections. One
factor that in uences generalizationis the supervisedclassi-
er that requires positive and negative annotations. These
annotations are time consuming to obtain, and it is not
guararnteed that annotations of the sameconceptgeneralize
over video domains. To test our generalization performance



over video domains, we compare two sets of annotations,
while keepingthe type of features constart. To constrain
the experimert, we focus on visual analysisonly. The best
performing feature, basedon cross-walidation performance
on this yearsdata, is an early fusion of W2 and G2, yielding
the W G2 feature. Hence,we submitted two runs basedon
the W G2 features. Onerun (lapetus) is trained on the data
and annotations of this year, where the other run (Crius)

is trained on the data and annotations of the MediaMill

Challenge[31] using TRECVID 2005data.

The results show that in most casesdetectorstrained on
the 2007 developmen set outperform thosetrained on 2005
data. However, when the conceptdetectorstrained on 2005
data outperform thosetrained on 2007they often obtain our
highest overall performance. For detectors of conceptslike
charts, us ag, desert and sports the number of available
learning examplesin the MediaMill Challenge outperform
those provided for TRECVID 2007,which could explain the
di erence in performance. Howewer, for the concept air-
plane this explanation doesnot hold, as only 29 examples
are available in 2007, but still it outperforms the 2005 de-
tector which uses428 examples(data not shown). We are
currently exploring how a combination of annotations over
multiple domainsin uences conceptdetector performance.

2.3.3 Run "Coeus": Mixed Keypoint Features

This run usesinterest point feature extraction combined
with dierent descriptors. To make interest point descrip-
tion more robust, we also include the overlapping regions
approad as an “interest region' detector. With two detec-
tors (Di erence-of-Gaussiansand overlapping regions) and
six region descriptors, we have a total of twelve dierent
experimerts for our mixed keypoint method. For ead of
the twelve combinations of region detectors and descriptors
we have applied both Fisher and SVM classi ers, yielding
24 ranked lists of shots. For late fusion of sudh ranked lists
seweral methods exist, e.g., min, max, sum, median, and
product [7]. An extensionof product fusion that is capable
to handle missing data is the geometric mean. We found
after seweral experiments on MediaMill Challengedata that
this geometric mean outperforms the other fusion methods.
Hence, we combine the various lists using the geometric

mean. For a single shot i the combined likelihood becomes:
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where n equal to the number of experimerts, in our case
up to v e experiments, selectedon a per-conceptbasis us-
ing crossvalidation. The advantage of the geometric mean
is its ability to handle a variable number of likelihoods per
shot. If the n varies between shots, the geometric means
of those shots can be compared. We use this property for
shots which do not have any interest regions: these shots
have no likelihood, but if at least one combination has a
likelihood for this shot, then we are able to compute a ge-

ometric mean. For the conceptsmountain, police security,
military and people marching, this run is our top cortender.

2.3.4 Run ‘Oceanus" Fusion of Visual Experiments
through Feature Selection

This run is a late fusion of our experiments basedon vi-

sual features. For the 36 TRECVID conceptsall our ex-
periments mertioned before, excluding temporal image fea-
tures, are candidatesfor inclusion. Last year however, fus-
ing all experiments did not yield good results on MediaMill

Challenge data. Instead, we chooseto use cross-walidation

performanceto the best one-third experimerts per concept.
The fusion of the di erent experimerts is again performed
using the geometricmeanfrom eqg. (3). The fusion of visual-
only analysisresults is our second-test overall run. For the
weaather, the feature selectionmethod performs better than

all our other runs. Feature selection gives similar perfor-
manceasthe selectionof all experiments for o ¢ e, meeting
and computer/TV screen. For water and animal, mixed in-

terest points end up behind the "Hyperion' run which fuses
all experimerts, while the feature selectionis outperformed.
This suggeststhat the mixed interest point experiments
were under-represeited in the experimens selectedin the
"Ocearus' run. Therefore, we believe that our feature selec-
tion strategy leavesroom for further improvemen.

2.3.5 Run "Hyperion": Fusion of All Visual Experiments

This run is a late fusion of all our experiments, excluding
temporal imagefeatures. For the 36 TRECVID conceptsall
experimerts are included. The fusion of the di erent exper-
iments is again performed using the geometric mean from
ed. (3). The fusion of all visual-only experiments is our best
overall run. For the conceptswaters@ape/waterfront, ani-
mal, car, truck, boat/ship, explosion and maps the "Hyper-
ion' run outperformsour other runs. For the conceptso c e,
meeting and computer/TV screen our fusion runs achieve
near-idertical performance. For the majority of the con-
cepts, our combination runs perform best, suggestingthat
single visual experimerts are not powerful enough. Also, it
is interesting that fusion of all experiments (run "Hyperion’)
outperforms feature selection(run “Ocearus'). This suggest
that our feature selectionstrategy can be improved upon.

2.4 Scaling-up to 572 Concept Detectors

We adopt a graceful degradation approac to further scale
our lexicon of concept detectors. We use annotations from
both the MediaMill Challenge[31]and LSCOM [21], which
are provided for TRECVID 2005video data. And alsoaddi-
tional annotations for a blackand white and colored footage.
We employ a variation of visual features including sevral
W ,G, and S variations in combination with Fisher's lin-
ear discriminant. Becauseparameter optimization of the
SVM is expensiwe, performing a complete analysis for all



conceptswas not feasible. We combined individual classi -
cation results using geometric mean to yield a single com-
bined ranked result. While the performance might not be
optimal, the detectorsmay still be usefulfor semaric video
retrieval.

3 Semantic Video Retrieval

Our TRECVID 2007 seart task e orts have concerrated
on automatic and interactive retrieval using the lexicon of
572 learned concept detectors. For users, remembering a
list of 572 conceptsis not feasible. We therefore deweloped
a query suggestionengine which nds the most appropri-
ate combination of concept detectors and multilingual text
retrieval results given the topic. This yields a ranking of
the data. A conveniert way of browsing the result is our
CrossBrowser [30], which allows to use both the rank and
temporal context of a shot. There are, however, many other
relevant directions which can be explored e.g. dierent se-
mantic threads through the data or shots visually similar
to the current shot. This year we therefore developed the
novel ForkBrowser which allows a user to browse multiple
directions, while maintaining overview.

3.1 Automatic Seach

As conceptlexicon sizeincreasestopics are morelikely to be
strongly assaiated with multiple conceptdetectors. Where
previously in the automatic seard task we concerrated on
nding the one best detector for a topic, this year we com-
bined the results from multiple detectors per topic. In our
approach we corverted detectors from ranked lists to "bi-
nary' detectors, and used these to re-rank a sorted result
list. As well asthe detectors from the 2007 high level fea-
ture task, we experimented with the incorporation of de-
tectors deweloped on the 2005 dewelopmert set. We found
that thesedetectors helped boost retrieval performance,de-
spite having beentrained on English, Arabic, and Chinese
broadcast newsrather than Dutch television programs.

The primary ingredients of our automatic seard system
are:

Dutc h speech recognition transcripts  Dutch auto-
matic speed recognition(ASR) text provided by the
University of Twente [13], with commonly occurring
stop words removed and reducedto morphological com-
ponerts using the Dutch versionof the Porter stemmer.

English machine translation transcripts  English
machine translation (MT) text obtained by automat-
ically translating the Dutch speed recognition text,
provided by Christof Monz of QueenMary University
of London.

38 TRECVID 2007 detectors 38detectorstrained on
TRECVID 2007dewelopmen data. This consistsof the
36 detectorsde ned in the 2007high-level feature task,
as well as a black-and-white and a color detector.

363 TRECVID 2005 detectors 363 detectors trained
on TRECVID 2005 dewelopment data. This consists
of detectors de ned by LSCOM and MediaMill, with
duplicates and rarely occurring conceptsremoved [27].

In the following subsectionswe describe our transcript
(text) basedseard, our detector based seard, the auto-
matic seard runs, and our results.

3.1.1 Retrieval Using Transcripts

In transcript-based seard we leveraged both the original
Dutch ASR transcripts, as well as the English MT tran-
scripts. Both transcripts were indexed separately At re-
trieval time, ead topic statemert was automatically trans-
lated into Dutch using the online translation tool freetrans-
lation.com, allowing a seard on the MT transcripts with
the original (English) topic text, and a seard on ASR tran-
scripts using the translated Dutch topic text. The resulting
two ranked lists were then combined to form a singlelist of
transcript-based seard results.

To compensate for the temporal mismatch between the
audio and the visual channels, we used our temporal re-
dundancy approadc [14]. To summarisethis approad, the
transcript of ead shot is expandedwith the transcripts from
temporally adjacert shots, where the words of the tran-
scripts are weighted according to their distance from the
certral shot. The adjusted word courts are calculated ac-
cording to:

count(word; shot®) = ( (shot,) count(word;shot,));

n2N
4
wheren is the absolute shot o set from the current shot,
N is the number of neighbouring shotsto be included, and

(shot,) isthe o set-dependen weighting of the shot,,. The
weight  is given by 0:9664 12763 which we previously
found to work well for topic retrieval in the TRECVID 2003-
2006 data sets. The maximum window size N was set to
15, asperformancegains beyond this window sizewere neg-
ligible for the samedata sets. These experiments are more
fully describedin [14].

After the expanded transcripts were indexed, retrieval
was done using the language modeling approach with
Jelinek-Mercer smoothing [37], a smoothing method that
we previously found to be suited to speet-basedvideo re-
trieval [15].

For retrieval, Dutch speed recognition transcripts and
English machine translation transcripts were indexed sep-
arately. At retrieval time, the text of ead topic was au-
tomatically translated into Dutch using the online transla-
tion service freetranslation.com The original English
topic text was usedto seard the MT transcript, and the
translated Dutch topic was usedto seard the original ASR
transcript. The two lists of results were then combined.



Table 1: Automatic seach run MAP scaes, with highest MAP highlighted per topic

Topic ID  Topic Summary UvVA-MM3 UvA-MM4 UvA-MM5 UvA-MM6
0197 peoplewalking up stairs 0.0003 0.0007 0.0119 0
0198 door being opened 0.002 0.002 0.0006 0.002
0199 personwalking or riding a bicycle 0.0148 0.0176 0.1453 0.012
0200 hands at a keyboard 0.0002 0.0002 0 0.0002
0201 canal, river, or stream 0.0062 0.0061 0.0067 0.006
0202 persontalking on a telephone 0.0008 0.0008 0.0001 0.0008
0203 street market scene 0.0003 0.0003 0 0.0003
0204 street protest or parade 0.0094 0.0098 0 0.0094
0205 train in motion 0.1638 0.1593 0.0116 0.1638
0206 hills or mountains 0.0013 0.0022 0.1064 0.0013
0207 waterfront with water and buildings 0.014 0.0144 0.0998 0.0109
0208 street at night 0.0002 0.0002 0.010 0.0002
0209 peoplesitting at a table 0.0069 0.0090 0.0265 0.0069
0210 peoplewalking with one or more dogs 0 0 0.0001 0
0211 sheepor goats 0.0226 0.0246 0.0041 0.0226
0212 a boat moving past 0.0026 0.0027 0.0886 0.0026
0213 woman talking toward the camerain an interview 0.0047 0.0045 0.0015 0.0047
0214 very large crowd of people 0.0105 0.0113 0.1827 0.0001
0215 classram scene 0.0004 0.0004 0.0006 0.0004
0216 bridge 0.0014 0.0021 0.0012 0.0012
0217 shots of a road through the front windshield 0.0013 0.0018 0.006 0.0016
0218 peopleplaying musical instruments 0.0448 0.0447 0.0011 0.0447
0219 Cook character in the Klokhuis series 0.0913 0.0961 0 0.0913
0220 grayscale... street with buildings and people 0.0019 0.0554 0.0319 0.0015
MAP 0.0167 0.0194 0.0307 0.0160

3.1.2 Retrieval Using Detectors

In detector based retrieval, we were especially concerned
with combining results from multiple detectorsinto a single
ranked list. First we usedtext matching techniquesto nd

potentially useful conceptsfor answering the topic. Subse-
quertly we useda boosting approac to combine the detec-
tors, starting with a singlelist of results and then reordering
that list using detector results. We describe the conceptse-
lection and the detector combination stepsin more detail
below.

Concept Selection The rst step in our detector based
searh wasthe identi cation of conceptdetectorsthat might
berelevant for a giventopic. In order to achieve this we rst

indexed textual metadata about ead concept- the concept
name, the conceptdescription given to the annotators, and
using the WordNet links obtained in [27] the concept syn-
onyms and glosses. At retrieval time, the topic text was
matched against the text in the di erent concept elds. In
addition, hyponym and hypernym conceptswere retrieved.
Conceptswerethen ranked accordingto the extert to which
the topic description matched the textual metadata in the
various elds.

Detector Combination When combining the detectors,we
started with arankedlist of "trusted results', which could be
the results from a detector or from a text seard. We then
re-ranked this list using the assaiated concept detectors
identied in the concept selection phase. Some detectors

are more likely to be helpful for a topic than others, sowe
incorporated a number of measuresto assigna weight to
ead detector. In the weight assignation we distinguished
between a concept and the detector designedto nd that
concept. While a conceptmay be very semarically related
to a given topic, the assaiated detector could be of low
quality and therefore not very helpful in nding relevant
shots. This alsoneedsto be takeninto accourt. The follow-
ing measureswere used,ead being normalisedto a number
from O to 1:

1. Topic-conceptmatch. The extent of the match between
the topic text and the concept detection, as described
in the Detector Selectionsection.

2. Detector performance. The detector MAP on the hold-
out/v alidation set, adjusted to take into account the
performance of a ‘random' detector. For detectors
trained on 2005 data, we add an extra penalty factor
as we expect performanceto degradeon the new data
set

3. Concept specicity. A measureto take into accourt
how frequertly a concept occurs in the collection,
performing a similar function to the “documert fre-
guency' measurein text retrieval. Calculated as 1
number of relevant shots 5ing the annotations on the de-

total number of shots
velopmert collection.

For detector combination, we rst corvert the scored de-
tector lists into binary lists, where ead shot is given a



Figure 3: Screenshotof the MediaMill Semantic Video Seach Enginewith the CrossBravser.

relevance score of 1 (expected to be relevant), or 0 (ex-
pected to not be relevant). The corversion is done by

assigning a relevance of 1 to the top 2n results of each

— number of relevant shots in training set
detector, where n = total number of shots in training set

number of relevant shotsin current collection.  For ead
shot we then combine the three measuresto assigna de-
tector weight, and boost the relevant shots on the list.

3.1.3 Submitted Automatic Seach Results
We submitted four runs for automatic seard, namely:

UVA-MM6 Text baseline. Retrieval using transcripts,
asdescribed in Section3.1.1.

UvA-MM3 Text + TRECVID 2007 assignedconcepts
(trained on 2007FSD data) + black and white and
colour detectors. Use text asthe “trusted result' list,
and boost with detectors.

UvA-MM4 Text + TRECVID 2007assignedconcepts+
black and white and colour detectors+ MediaMill and
LSCOM concepts(trained on 2005FSDdata). Usetext
asthe “trusted result' list, and boost with detectors.

UvA-MM5 Visual baseline. Retrieval using the
TRECVID 2007 assignedconcepts+ black and white
and colour detectors + MediaMill and LSCOM con-
cepts. Use best scoring detector as the “trusted result'
list, and boost with remaining detectors.

As can be seenin Table 1, the best performing run was
the visual baseline. The worst performing run was the text
baseline,which in generalyielded very low MAP precision
scores. The poor performance of the text baselineis likely
due in part to the lack of topics requesting named peo-
ple and objects, which are more likely to be mertioned in
transcripts than more general statemerts. Another factor

may bethe decreasedjuality of the speed recognition tran-
scripts with respect to previous years, asthe sound quality
of the recordingsis often noticeably lower than in the broad-
castnewsdata that wasusedbefore. It is not apparert from
the TRECVID runs whether our combination approac was
particularly e ectiv e, and we plan to investigatethis further
in the near future.

3.2

In traditional video retrieval systemsusersmay query video
archives by keyword, by example, by concept, by time or
by program, subsequetly they browsesthrough the results,
and when the results are unsatisfactory the processreiter-
ates. As a consequencef this iterativ e processa lot of time
is spent on query speci cation. Moreover, when the target
seard results are not returned by the systemin the initial
gueriesa usermay run out of query ideas. To alleviate both
problems we try to depart from this traditional approad.
We do so by providing userswith browsersthat allow to
visualize the ertire data set in multiple dimensions. This
facilitates interactive exploration. For TRECVID 2007,we
have focussedspeci cally on consolidation of proven e ec-
tiv einterface componerts from previous TRECVID editions
into a novel browsing ervironment. A graphical overview of
our 2007 systemis depicted in Fig. 3.

Interactive Search: Video Browsing

3.2.1 Video Threads

We introduce the notion of threads in order to browse
through a video data setin multiple directions. A thread is
a linked sequenceof shotsin a speci ed order, basedupon
an aspect of their cortent [25]. We de ne two types of
threads: static threads which are pre-computedbeforehand,
and dynamic threads which are generatedon demand dur-
ing a browsesession.The content of a thread is basedon a
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Figure 4: Compaison of interactive video seach results for 24 topics performed by 33 usersof present-dg video retrieval systems.

MediaMill results are indicated with special markers.

form of similarity betweenshotsin the data set. The Medi-
aMill 2007 video seard engineo ers the following threads
and similarities.

Visual threads. basedon similarity betweenvisual fea-
tures,

Time threads. basedon temporal similarity between
shots,

Query resultthreads: basedon similarity betweenshots
and a user posedquery;,

History threads. basedon shots a user has visited;
Each method yields a ranking of the data through which

the userhasto browse.
3.2.2 Visualizing Threads using the ForkBrowser

Combination of the time thread with any other thread re-
sulted in the CrossBrowser. This browser proved e ectiv e

for interactive seard in 2004and 2005when a singlethread,
for example a single concept detector query, is su cien t to
solvethe topic [28,30]. For topics that require a conmbination
of threads we intro duced the RotorBrowserin 2006[25,28].
This browser allows to integrate query results with time,
visual similarity, semartic similarity and various other shot
basedsimilarity metrics. While e ectiv e, this visualization
proved overwhelming for non-expert users. To leveragethe
bene ts of having multiple query methods while simultane-
ously allowing the userto maintain overview, we introduce
a new interface which combines query by keyword, by ex-
ample, by 572 concepts,by time and by program into arigid
framework: the ForkBrowser.

The ForkBrowser visualizes results by displaying ani-
mated key framesbasedon the shape of a fork. The corntents
of the tines of the fork depend on the shot at the top of the
stem. The certer tine shavs unseenquery results, the left-
most and rightmost tines show the time thread, and the
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Figure 5: AveragePrecisionversusnumber of move interactions for both the CrossBravser(+) and the ForkBrowser (5 ).

two tines in betweenshaow user assignablethreads. For the
TRECVID 2007 benctmark we choseto display 2 variants
of visual similarity threads here. The stem of the fork dis-
plays the history thread. All browse directions, ead tine
and the stem, are both accessibleby keyboard and mouse
for quick navigation. Every displayed key frame can alsobe
played on demand by displaying up to 16 frames from the
originating shot. This helps answering queries containing
explicit motion rapidly.

3.2.3 Submitted Interactive Seach Results

We submitted two runs for interactive seard, comparing
two expert users. One userperformedthe interactive seart
by usingthe MediaMill seard enginewith the CrossBrowser
(UVA-MM1 ). Another user exploited the MediaMill sys-
tem in combination with the ForkBrowser (UVA-MM2 ).
During the runs the systemloggedall useractions, which
were automatically parsed to provide browse statistics.
Theseinclude the time usersspent adjusting a query, time
spent while seardiing for results, the number of user in-
teraction steps made during searding, the number of re-
sults selected,the thread from which results were selected,
and soon. Resultsin Fig. 4 indicate that for most searh
topics, usersof the MediaMill system scoreabove average.
Furthermore, usersof our approad obtain a top-3 average
precision result for 8 out of 24 topics. Best performance
is obtained for 4 topics. Both browsersachieve nearly the
same mean average precision (CrossBrowser: 0.259, Fork-
Browser: 0.256), but average precision scoresfor individ-
ual topics vary greatly. If we compare the number of in-
teraction steps required per topic with the average preci-

sion achieved for ead topic (see Fig. 5) we obsene that
the ForkBrowser required signi cantly lessuser interaction
within the 15 minute time frame. A thorough analysis of
the browsing results is underway. A rst analysis of Fork-
Browserresultsindicatesthat ead topic required a di erent
combination of threads in order to nd good results. See
Fig. 6 for an overview of thread usagefor a selectedset of
topics.
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